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The application of remote sensing as tool in precision agriculture has become increasingly 
common due to its ability to provide spatially and temporally distributed information. In this 
context, low-altitude remote sensing is a relatively new concept for the acquisition of images. 
Sensors placed on an unmanned aerial vehicle (UAV) can provide data that attend especially to 
the critical requirements of spatial and temporal resolution for agricultural applications. 
Therefore, crop production with economic, environmental and energy importance, such as 
sugarcane, can benefit from the information provided by this technology. Thus, the main 
objective of this research was exploring the potential and limitations of the use of UAVs in 
monitoring sugarcane. Through methodological developments to use the UAV data, was 
extracted qualitative and quantitative data and compared them with field and satellite data to 
test the study’s hypothesis. The first part of this thesis describes an object-based image analysis 
(OBIA) procedure for UAV images, designed to map and extract information about skips in 
sugarcane planting rows. The approach achieved good results with a relationship of estimated 
versus observed skip length of 97%. The second part describes the generation of crop surface 
models (CSMs) derived from high-resolution images from the UAV to estimate the height of 
sugarcane fields. Also, was investigated the influence of different flight lines on the height 
estimation and the accuracies by comparing the generated maps with ground references. This 
method was ideal for estimating the average height of an entire field at once, instead of using 
point-wise ground measurements. In the third part, the UAV data (RGB) and the orbital 
platform data (multispectral, WorldView-2) were analyzed, to assess the capability of each 
system to represent the intra-field variability of sugarcane yield estimates. The results showed 
that the UAV data produced mean errors similarly, but with lower explanatory power compared 
to the WorldView-2 data. Moreover, the incorporation of both datasets (WorldView-2 + UAV) 
improved the accuracy. In summary, was concluded that a UAV system can provide useful 
decision-support data for improving sugarcane production. These platforms have the capability 
of providing very-high resolution images with near real-time acquisition. 
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A aplicação do sensoriamento remoto como ferramenta na agricultura de precisão, tornou-se 
cada vez mais comum devido à sua capacidade de fornecer informações espacialmente e 
temporalmente distribuídas. Neste contexto, o sensoriamento remoto de baixa altitude é um 
conceito relativamente novo para a aquisição de imagens. Sensores colocados em um Veículo 
Aéreo Não Tripulado (VANT) podem fornecer dados que atendam especialmente os requisitos 
críticos de resolução espacial e temporal para aplicações agrícolas. Portanto, uma produção 
agrícola de importância econômica, ambiental e energética, como a cana-de-açúcar, pode se 
beneficiar de informações fornecidas por esta tecnologia. Assim, o principal objetivo deste 
trabalho foi explorar as potencialidades e limitações do uso de um VANT no monitoramento 
da cana-de-açúcar. Através do desenvolvimento de metodologias para utilizar os dados de 
VANT, foi extraído informações qualitativas e quantitativas e comparamos com referências de 
campo e de satélite, para verificar a hipótese do estudo. Dessa maneira, a primeira parte desta 
tese, descreve um processo de análise de imagens orientada a objetos (OBIA) para imagens 
VANT, projetado para mapear e extrair informações sobre falhas em linhas de plantio de cana-
de-açúcar. O método obteve bons resultados com uma relação entre as falhas estimadas e 
observadas de 97%. A segunda parte descreve a geração de modelos de superfície da cultura 
(MSC) derivadas das imagens de alta resolução do VANT para a estimativa de altura em 
canaviais. Além disso, foi investigada a influência de diferentes linhas de voo sobre a estimativa 
de altura e sua precisão, comparando os mapas gerados com as referências terrestres. Este 
método mostrou-se ideal para estimar a altura média de um talhão de cana-de-açúcar, em vez 
de realizar medidas pontuais em campo. Na terceira parte, os dados do VANT (RGB) e os dados 
de satélite (multiespectral, WorldView-2) foram analisados, a fim de avaliar a capacidade de 
cada sistema em representar a variabilidade dentro do talhão da produtividade da cana-de-
açúcar estimada em campo. Os resultados mostraram que os dados de VANT produziram erros 
médios semelhantes, mas com poder de explicação inferior em comparação os dados do 
WorldView-2. Além disso, a incorporação de ambos os dados (WorldView-2 + VANT) 
melhorou a precisão. Em resumo, foi concluído que um sistema VANT é capaz de fornecer 
dados úteis de apoio a tomada de decisão para a produção de cana-de-açúcar. Essas plataformas 
tem a capacidade de fornecer imagens de alta resolução no momento ideal de aquisição. 
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Photogrammetry and remote sensing are defined as "the art, science, and technology of 
obtaining reliable information about physical objects and the environment, through the process 
of recording, measuring and interpreting imagery and digital representations of energy patterns 
derived from non-contact sensor systems" (Colwell, 1997). This definition has been adopted by 
the American Society for Photogrammetry and Remote Sensing (ASPRS) and also by the 
International Society for Photogrammetry and Remote Sensing (ISPRS). 
This technology has been applied to agriculture with other geospatial techniques since 
the 1950s. Platforms include satellites, airplanes, balloons, helicopters, tractors and hand-held 
sensors. And a variety of sensors have been used, such as visible, multispectral, hyperspectral 
and thermal sensors, as well as RADAR (RAdio Detection And Ranging) and LiDAR (Light 
Detection And Ranging) (Colomina & Molina, 2014; Mulla, 2013; Zhang & Kovacs, 2012). 
These platforms and their associated imaging systems can be differentiated based on the altitude 
of the platform, the spatial and spectral resolution of the sensor, and the temporal frequency of 
image acquisition (Mulla, 2013).  
The great potential of remote sensing in agriculture has led to a considerable number of 
studies on biomass and estimation of yields (Ahamed et al., 2011; Doraiswamy et al., 2004; 
Lobell, 2012; Lu, 2006; Serrano et al., 2000), nutrition and water stress status (Bastiaanssen et 
al., 2000; Clay et al., 2006; Tilling et al., 2007), insects, weeds and diseases monitoring 
(Bhattacharya & Chattopadhyay, 2013; de Beurs & Townsend, 2008; Eklundh et al., 2009; Qin 
& Zhang, 2005; Thorp & Tian, 2004; Zhang et al., 2003) among other studies. 
Recently, there has been a growing demand for monitoring of energy crops using remote 
sensing tools (Ahamed et al., 2011). This is due to the global increase in demand for renewable 
energy sources, which has fostered the development of biofuels in numerous countries. 
Currently, one of the most advanced bioethanol programs in the world is found in Brazil, the 





fuel (UNICA, 2015). Given the territorial extension of sugarcane cultivation areas in the 
country, about 10.5 million ha in 2014 (IBGE, 2014), satellite images have been used 
successfully on mapping the crop (Aguiar, et al., 2011; Bégué et al., 2010). Landsat and Spot 
images can be used effectively to identify areas of sugarcane expansion, harvesting types and 
burn occurrence (Aguiar et al., 2011; Lebourgeois et al., 2010; Rudorff et al., 2010). 
Although remote sensing has a great potential to be used with sugarcane, (Abdel‐
Rahman and Ahmed 2008; Almeida, et al., 2006; Bégué et al. 2010; Simões, et al., 2005), the 
authors reported difficulty in collecting appropriate data due to the fact that sugarcane is a crop 
with an extended growing and harvest period. The length of the harvest season (4–12 months) 
means ratoon crops start their growth in a wide range of different conditions even in the same 
location (Inman-Bamber et al., 2005), resulting in very high spatial-temporal variability at the 
field scale. Only fine time series of images with minimally decametric resolution enable this 
variability to be captured at the scale at which it appears (Bégué et al., 2010). Moreover, the 
identification of spatial variation in leaf canopy density is important in crop management and 
for accurate biomass estimation. This way the development of techniques for monitoring 
sugarcane at the field-level has gained attention because of its economic and environmental 
importance. 
In this context, low-altitude remote sensing, using Unmanned Aerial Vehicles (UAVs), 
also known under various different names and acronyms, such as “Unmanned Aerial Systems” 
(UAS), ‘‘Remotely-Piloted Aerial System’’ (RPAS) or simply ‘‘drone’’, is a relatively new 
concept for data acquisition, currently being used for different purposes in agriculture 
(Colomina and Molina 2014; Zhang and Kovacs 2012). With the acquisition capability of very-
high spatial resolution images (e.g. centimeters), relatively low operational costs, and the near 
real-time image acquisition, these platforms have been indicated as potential tools for mapping 
and monitoring in precision agriculture (Bendig et al., 2014; Lelong et al., 2008; Hunt et al., 
2005; Zarco-Tejada et al. 2008; Zhang and Kovacs, 2012; Zhang et al., 2014). 
Therefore, the UAVs have opened new horizons to generate quantitative and qualitative 
products to support precision agriculture, based on conventional RGB camera or multispectral 
and thermal sensors on-board (Ballesteros et al., 2014; Zarco-Tejada et al., 2008). Thus, it is 
possible to effectively characterize the variability in crop status by providing near real time data 
at the field level (Guillen-Climent et al. 2012; Zarco-Tejada, et al., 2012). This is, in particular, 





their lack of adequate temporal and spatial resolution and problems of cloud coverage (Stafford 
2000; Zhang, et al., 2002; Berni et al. 2009; Mulla 2013). 
The worldwide agricultural UAV market is poised to achieve significant growth with 
the use of better sensors on stable flying platforms that are used to help implement precision 
farming. In addition, other technologies of agricultural UAVs are being implemented to support 
spraying and pest control (Watts, et al. 2012; Grimm et al. 2012). According to lead author of 
the "Agricultural Drones Market Shares, Strategies, and Forecasts, Worldwide, 2016 to 2022" 
study (RnR Market Research, 2016), the venture investments in agricultural drones have been 
strong. Investment of venture capital in agricultural technology start-ups reached $2.06 billion 
in the first half of 2015 and 4.25 billion in 2015, doubling the amount of capital invested in this 
area in 2014. The worldwide market for agricultural drones is $494 million, anticipated to reach 
$3.69 billion by 2022. 
Despite this promising scenario, advances are needed in information extraction, 
workflow, and experimental studies for agriculture application (Zhang & Kovacs, 2012). There 
is a need for more research for methodological development to use these UAV data in 
operational systems and on a large scale. Thus, there will be a greater appreciation of the 




The main objective of this research was to explore the potential and limitations of the 
use of UAVs in monitoring sugarcane. The research hypothesis was that the availability of very-
high spatial resolution images, in near real time acquisition obtained through a UAV system, is 
capable of provide useful decision-support data for sugarcane production. The core of this thesis 
is a series of papers addressing the use of UAV data for precision agriculture purposes in 
sugarcane. For this, we created extraction methods of qualitative and quantitative data from 
UAV images and compared them with field and satellite data. 
 
1.2. Thesis Organization 
 
Chapter 2 describes an object-based image analysis (OBIA) procedure for UAV images, 





was creating a semi-automatic and adaptable procedure, which provides useful information for 
decision making, agricultural monitoring, and the reduction of operational costs. 
Chapter 3 addresses the generation of crop surface models (CSMs), derived by high 
resolution images from a UAV, with the aim of height estimation of sugarcane fields. Through 
the creation of height maps, we investigate the influence of different flight lines on height 
estimation and accuracies by comparing with ground reference data. 
Chapter 4 investigates the capability of an RGB UAV system to represent the intra-field 
variability of sugarcane yield estimation, compared with multispectral satellite data from 
WorldView-2. With estimated yield data collected in the field, we measure the explanatory 
power of each data set. 
Finally, Chapter 5 concludes the thesis, where the main results and findings from the 
















Chapter 2 is based on: Souza, C.H.W., Lamparelli, R.A.C., Rocha, J. V., and Magalhães, P.S.G. 
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Mapping Skips in Sugarcane fields using Object-Based 
Analysis in Unmanned Aerial Vehicle (UAV) Images 
 Abstract  
The use of unmanned aerial vehicles (UAVs) as remote sensing platforms has great potential 
for describing detailed site-specific features of crops, especially in early post-emergence, which 
was not possible previously with satellite images. This article describes an object-based image 
analysis (OBIA) procedure for UAV images, designed to map and extract information about 
skips in sugarcane planting rows. The procedure consists of three consecutive phases: 1) 
identification of sugarcane planting rows, 2) identification of the existent sugarcane within the 
crop rows, and 3) skip extraction and creation of field-extent crop maps. Results based on 
experimental fields achieved skip rates of between 2.29% and 10.66%, indicating a planting 
operation with excellent and good quality, respectively. The relationship of estimated versus 
observed skip length had a coefficient of determination of 0.97, which was confirmed by the 
value of the enhanced Wilmott concordance coefficient of 0.92, indicating good agreement. The 
OBIA procedure allowed a high level of automation and adaptability, and it provided useful 















Mapeamento de falhas em canaviais utilizando análise orientada a objeto em imagens de 
um Veículo Aéreo Não Tripulado (VANT) 
 
Resumo 
O uso de veículos aéreos não tripulados (VANTs) como plataformas de sensoriamento remoto 
tem um grande potencial para descrever características detalhadas sobre as culturas à nível 
de talhão, especialmente na pós-emergência, o que não era possível anteriormente por meio 
de imagens de satélite. Este artigo descreve um procedimento de análise de imagens orientada 
a objetos (OBIA) para imagens VANT, projetado para mapear e extrair informações sobre 
falhas em linhas de plantio de cana-de-açúcar. O procedimento consiste em três fases 
consecutivas: 1) identificação das linhas de plantio de cana-de-açúcar, 2) identificação da 
cana-de-açúcar existente dentro das linhas de plantio, e 3) extração das falhas e criação dos 
mapas. Os talhões de estudo obtiveram uma taxa de falhas entre 2,29% e 10,66%, indicando 
que a operação de plantio foi de excelente e boa qualidade, respectivamente. A relação entre 
a extensão estimada de falha e a extensão observada em campo, alcançou um coeficiente de 
determinação de 0,97, o que foi confirmado pelo valor do coeficiente de concordância Wilmott 
de 0,92, indicando uma boa concordância. O procedimento OBIA permitiu um alto nível de 
automação e capacidade de adaptação, e forneceu informações úteis para tomada de decisão, 
monitoramento agrícola e da redução dos custos operacionais. 
 
Palavras-chave: Análise de imagens orientada a objetos; linhas de plantio; SIG; taxa de falhas; 




In agriculture, the availability of reliable and timely information on crop condition and 
the possibility of problems, assists proper planning decisions, which in turn contribute to 
increase profitability and reduce costs (Zhang et al., 2002).  
Currently, due to the current demand for biofuels and sugar production, Brazil has 
large areas of agricultural land covered by sugarcane fields (Martinelli and Filoso, 2008; Nassar 
et al., 2008; Martinelli et al., 2011). Thus, developments of techniques and technologies aimed 
at operational efficiency, cost reduction, and yield increase have attracted considerable attention 
because of its economic and environmental importance (Abdel‐Rahman and Ahmed, 2008; 
Bégué et al., 2010; Bocca et al., 2015). 
The sugarcane cycle is semi-perennial with a growth cycle of approximately 12 or 18 
months. After the first harvest, the ratoons are harvested annually for a period of about 5 to 7 
years (Xavier et al., 2006; Rudorff et al., 2010). Therefore, to maintain the longevity and 





harvesting operations is essential (Lebourgeois et al., 2010; Bocca et al., 2015). Matsuoka and 
Stolf (2012, p.148) defined “Gappy fields”, in terms of either plant canes or ratoons, as “a signal 
of bad crop management in most cases: bad soil preparation, inappropriate cultivar, improper 
seed cane, improper season for planting, unexpected disease or pest occurrence, herbicide 
damage, salinity, bad mechanical operations, mainly during harvest in the case of ratoons, if set 
aside climatic factors like freezing temperatures, lightening and extreme drought.” 
The identification and quantification of skips in sugarcane fields is of great importance 
because it assesses the uniformity of germination and tillering and the consequent formation of 
stalks, which in turn is correlated directly with yield (Matsuoka and Stolf, 2012; Bocca et al., 
2015). In addition to measuring the quality of the planting operation, quantification of skips 
provides support for decision making regarding the replanting or renovation of the field, in 
order to guarantee its continued profitability (Keerthipala and Dharmawardene, 2000; 
Matsuoka and Stolf, 2012). Currently, the presence of skips in planting rows is verified by in 
situ visual inspection. However, these inspections are generally conducted from the field 
borders and thus, heterogeneity across the entire crop field might affect the accuracy of such 
estimates (Bocca et al., 2015). 
Recently, the use of remote sensing technologies for agricultural monitoring has been 
increase, because they can provide spatially and temporally distributed information objectively 
and quickly over a variety of scales (Zhang et al., 2002; Ahamed et al., 2011; Mulla, 2013). The 
development of new technologies such as unmanned aerial vehicles (UAVs) as platforms for 
the acquisition of remote sensing imagery, allows some of the limitations of orbital and airborne 
platforms that hinder crop monitoring in real-time to be overcome, e.g., the suitability of revisit 
times, avoidance of cloud cover, costs, complexity of operation, and limitation of spatial 
resolution (Berni et al., 2009; Everaerts, 2009; Zhang and Kovacs, 2012; Colomina and Molina, 
2014). These characteristics make UAV platforms suitable for a number of applications, 
including crop monitoring (Hunt Jr. et al., 2005 2010; Torres-Sánchez et al., 2014, 2015; Comba 
et al. 2015), weed detection (Torres-Sánchez et al., 2013; Peña et al., 2015), water stress 
assessment (Berni et al., 2009; Zarco-Tejada et al., 2012), disease detection (Garcia-Ruiz et al., 
2013), and yield estimation (Swain et al., 2010), i.e., applications where time-critical 
management is required.  
UAVs can provide imagery with very high spatial resolution of only a few centimeters 
and they allow images to be acquired at optimal moments for the desired purposes, which makes 





López-Granados, 2011; Torres-Sánchez et al., 2015a). However, very-high-resolution images 
require powerful image analysis procedures because, unlike lower resolution images, single 
pixels might no longer capture the characteristics of the classification targets. Additionally, 
these images show higher intra-class spectral variability and subsequently, a reduction in the 
degree of statistical separability among the classes compared with conventional pixel-based 
classification methods (Yu et al., 2006; Castillejo-González et al., 2014; Peña et al., 2015; 
Torres-Sánchez et al., 2015a). To overcome this limitation and to attain a high level of 
automation and adaptability, object-based image analysis (OBIA) has been used successfully 
with high-resolution satellite imagery (Novak et al., 2010; de Castro et al., 2013; Castillejo-
González et al., 2014) and UAV imagery (Laliberte and Rango, 2011; Peña et al., 2013, 2015; 
Diaz-Varela et al., 2014; Qin, 2014; Torres-Sánchez et al., 2015a, 2015b). The OBIA approach 
first identifies spatially and spectrally homogeneous units called “objects”, which are created 
by grouping adjacent pixels following a segmentation process, and then using the created 
“objects” as the basic elements for analysis. Thus, it is possible to create automated and auto-
adaptive classification methods by combining the spectral, contextual, morphological, and 
hierarchical information of these elements (Blaschke, 2010). 
This article presents an innovative procedure for the creation of skip maps in sugarcane 
fields that combines high-resolution images from a commercial UAV and the OBIA approach 
to generate useful decision-support data. Based on UAV images, this procedure first performs 
the identification of the sugarcane crop rows. It then identifies the existent sugarcane within the 
crop rows and finally, performs skip extraction and the creation of field-extent crop maps. 
 
2.2.  Materials and Methods 
 
2.2.1.  Study area 
The fields used in this study are located near Euclides da Cunha Paulista in São Paulo 
state, Brazil (22°26'21"S, 52°35'46"W). They have two predominant classes of soils: Rhodic 
Hapludox (Typic Hapludox) and Quartzarenic Neosol (Typic Quartzipsamment) and they 
present a moderate slope (<12%) that allows mechanical green harvest. The region has an 
average ground elevation of approximately 400 m a.s.l. and a humid subtropical climate (Cfa) 
according to the Köppen classification. The average annual temperature is 22 °C, and the 





The landscape of the region comprises some environmental conservation units with a 
predominance of sugarcane cultivation and livestock production. 
The crop variety planted in the area was RB-86-7515. The first specimens were planted 
in rows 1.5-m apart over an area of approximately 100 ha in September 2014 and they were 
harvested in October 2015. UAV imagery was acquired on November 3, 2014, when the 
sugarcane was at the tillering stage, approximately 60 days after planting (DAP) (Figure 2.1). 
The ideal time for image acquisition is when the sugarcane has grown sufficiently to fill the 
rows but without covering the inter-row gaps, i.e., 60–90 DAP. However, this period might 
vary according to the crop variety, number of ratoons, and amount of rainfall; therefore, the 
determination of the ideal time will depend on a visual inspection of the field. 
Figure 2.1. Field study location and UAV orthoimage of the study fields, together with pictures 
of the sugarcane at the time of flight. 
 
2.2.2. UAV system and image acquisition 
The UAV system used is based on an eBee Ag drone designed and developed by 
(senseFly, Cheseaux-Lausanne, Switzerland). It is built of expanded polypropylene and it 
weighs about 0.69 kg, including the payload, which means it can be hand-launched. The UAV 
is battery-powered and it can fly for 50 min at 40–90 km h-1 at altitudes of up to 900 m, within 
wind speeds of up to 45 km h-1. Its usual flight height is 250 m, which provides spatial resolution 
of 0.10 m over an area of up 12 km² in a single flight. The flight is controlled automatically 





attitude of the plane is monitored by accelerometers. The drone is supplied as standard with two 
advanced software packages: eMotion 2 (senseFly, Cheseaux-Lausanne, Switzerland) for flight 
planning and control and Postflight Terra 3D (Pix4D SA, Lausanne, Switzerland), which is 
photogrammetry software designed for post-flight image processing and analysis (senseFly, 
2015). 
The coupled sensor is a small consumer camera based on a Canon Powershot S110 
compact camera with modified color filters. Instead of the standard RGB system, the S110-NIR 
model uses spectral filters for green, red, and infrared wavelengths centered at 550, 625, and 
850 nm, respectively. This separation is performed by a Bayer color filter directly on the sensor 
(Shortis et al., 2005). Thus, this sensor allows the implementation of some vegetation indices 
derived from different combinations of the three channels, such as the normalized difference 
vegetation index (NDVI) (Rouse et al., 1974). The camera has a 24-mm focal length and the 
CMOS sensor (7.6 × 5.7 mm) stores the acquired images on a compact flash card with up to 
12-bit radiometric resolution. The images were acquired using a shutter speed of 1/1200, in 
order to prevent them from being affected by vibrations and motion. For a particular mode, the 
camera adapts the aperture and ISO speed according to the light conditions for every single shot 
to ensure the best image exposure, which ranged from 2.0 to 4.0 and 100 to 200, respectively. 
The UAV imagery was acquired at flight altitude 200 m. Thus, for our objective, the 
pixel size of approximately 0.10 m was sufficient with 75% forward lap and 70% side lap. The 
Postflight Terra 3D software (Pix4D SA, Lausanne, Switzerland) was used for 
orthorectification and the mosaicking of the 161 images acquired. 
 
2.2.3. Skip mapping 
The procedure to analyze the UAV images and develop the OBIA procedure for skip 
mapping (Figure 2.2) was developed using the commercial software eCognition Developer 8 
(Trimble GeoSpatial, Munich, Germany). Similarly, the extraction of the vectorial data features 
and production of the final maps used ArcGis software (ESRI, Redlands, CA, USA). 
The rule set of the algorithm for failure mapping of the sugarcane ran semi-
automatically and it comprised three principal consecutive steps: 1) identification of crop rows, 







2.2.4. First step: Identification of crop rows 
This step is necessary if information on the crop rows is unavailable. For example, if the 
auto-steering guidance system (Autopilot) was used at planting, the planting rows could be used 
for this purpose. Once this has been achieved, only the second and third steps are necessary, for 
example, if the requirement is to study the increase of skips in successive ratoons, which might 
increase after each successive ratoon (Matsuoka and Stolf, 2012). 
For the identification of crop rows, the NDVI was used to increase the differences 
between the vegetation and bare soil. NDVI was selected because it is able to achieve greater 
spectral separability compared with other vegetation indices (Torres-Sánchez et al., 2013). 
Then, a filter was applied to create a layer in which each pixel represents the difference between 
the Kernel max or min value and the center value (Pixel Min/Max Filter Algorithm) (Trimble, 
2014). In order to enhance the difference between the crop rows and inter-row gaps in the 
image, the algorithm parameters of "difference-brightest-to-center" and Kernel size of 15 × 1 
were used. 
A sub-rule set called “rows extraction” was created to identify the row. First, a 
temporary layer called “Rows” (Layer arithmetic algorithm) was created, which was used to 
add lines with different directions and widths. Then, a loop process was used to search lines in 
different directions (from 0° to 180° at intervals of 5°), updating the angle parameter in each 
cycle. An algorithm (Line extraction) was used to classify the pixels according to their line 
signal strength the different directions and to create a thematic output layer. This process was 
replicated three times by presenting different values of the line width parameter (3, 6, and 12 
pixels). The values of the others parameters remained the same in each of the three replications. 
Furthermore, at the end of each sub-process, each thematic output layer was added into the layer 
“Rows” (“output layer + Rows”). This way, at the end of the rule set, the layer “Rows” 
represented the sum of these three sub-processes ("Rows Identification" result; Figure 2.2). 
Subsequently, the layer “Rows” was segmented into homogeneous multi-pixel objects 
using the “Contrast Filter Segmentation” algorithm, which uses pixel filters to detect and create 
objects based on contrast and gradient data (Trimble, 2014). 
Thereafter, small objects that represent noise were removed using the “Remove 
Objects” algorithm, with a threshold condition of the number of pixels being <100. Then, the 
remaining crop row objects were assigned into a class called “Crop Rows” by the “Assign 
Class” algorithm, and the main line of each “Crop Rows Class” objects were exported as 





correct for possible errors. The red boxes in Figure 2.2 show two examples of errors that are 
common in the process, which are caused mainly by long skips, late germination, or sugarcane 
covering the inter-row gaps. 
 
2.2.5. Second Step: Sugarcane classification 
After the crop rows lines were checked and the errors corrected using ArcGis, the data 
were returned to the OBIA software (eCognition) as a thematic vector layer. Then, the image 
object domain was split using the “Chessboard Segmentation” algorithm based on the thematic 
vector layer (“Crop Rows”). Those pixels close to the rows were segmented and assigned into 
a temporary class called “Main Rows”. The “Main Rows” class was expanded to cover the 
sugarcane with the crop rows. For this, a sub-rule set called “Grow Main Rows” was created, 
where a loop with Conditional Quad Tree segmentation was inserted. For each loop, the 
condition to segment the pixels was the existence of the “Main Rows” class, i.e., the pixels 
close to the “Main Rows” class were segmented and then assigned into the class. The loop was 
executed until partially covering the width of the sugarcane canopy; in this study, three cycles 
were used. Finally, the sugarcane was classified by the “Classification” algorithm in the pixels 
belonging to the “Main Rows” class. The NDVI was used to classify the sugarcane pixels 
through a fuzzy membership function with values >0.5. Then, the pixels classified as sugarcane 
were merged and exported as a shapefile vector called “Sugarcane at Rows.” 
 
2.2.6. Third Step: Skip extraction and creation of the maps 
A process was constructed using the “ModelBuilder” in the ArcGis software (ESRI Inc., 
USA) to extract automatically the failure rows (Figure 2.3). The input parameters were the two 
shapefiles that were output from the previous steps: “Crop Rows” and “Sugarcane at Rows”. In 
this process, firstly is erased from "Crop Rows" the classified sugarcane vector (Sugarcane at 
Rows). The result is a vector where there is no sugarcane present in the crop rows, i.e., the 
skips. Then, to create individual vectors to measure them later, the resulting vector was 
disaggregated. At the end of the process, the skip shapefile was generated. Thereafter, the 
lengths of the skips were calculated, where only skips >0.5 m were considered (Stolf, 1986), 








Figure 2.2. Flowchart illustrating each stage of the object-based image analysis (white boxes) 
+ geographic information system (GIS) (gray boxes) approach proposed to map skips of 
sugarcane areas using unmanned aerial vehicle (UAV) images. First step: Identification of crop 
rows; Second Step: Sugarcane classification; Third Step: skip extraction and creation of the 






Figure 2.3. Model workflow made in ModelBuilder for skip extraction. 
 
2.2.7. Validation  
The validation of the method was performed through comparison of the skip length 
obtained from the generated maps (estimated) against ground measurements (observed). 
Overall, 54 samplings were collected in the field using a tape measure. The analysis was 
performed through a simple linear regression and its coefficient of determination (R2). The 
mean error, root mean square error, and the enhanced Willmott concordance coefficient (dr), as 
proposed by Willmott et al. (2012) (Eq. 1), were the statistical indicators used. The dr 
establishes the accuracy of the method and the degree of detachment of the estimated values in 
relation to the observed values. This index varies between +/- 1, where positive values closer 


















1 ,                          (1) 
where n = number of samples, O = observed skip length, E = estimated skip length, and    = 
average observed skip length. 
 
2.3.  Results and Discussion 
2.3.1. Global features 
The procedure allows the computation of multiple datasets and statistics derived from 
the outputs, which can help to characterize the crop field in terms of crop rows and skip 
incidence. In addition, the data can be exported in different formats, e.g., vector, raster, or 





the study area are presented in Table 2.1. The dimensions of the field were obtained from the 
shapefiles, which indicated a total area of 98.05 ha. 
One of the results of this procedure is the identification of the crop rows (1st step). Thus, 
it was possible to extract the characteristic features of the crop rows within the sugarcane fields. 
For instance, information regarding the number of rows, average row length, and row angle 
could be used in studies of optimization and operational costs of boundary maneuvers (Spekken 
and de Bruin, 2012; Spekken et al., 2015). This information could help minimize the time and 
energy spent on turns and thus, contributes to cost reductions and improves sustainability of 
agricultural production (Spekken et al., 2015).  
Table 2.1 presents the information obtained from the mapping of skips. Field 4 had the 
highest number of skips (11,948), which accounted for 10.66% of the crop rows, whereas there 
were only 1467 skips in Field 2, which represented 2.29% of the crop rows. The higher skip 
rate in Field 4 was probably related to slope, because this field is located in the lower part of 
the cropping area and thus, it is more prone to sediment deposition and flooding. 
Stolf (1986), in his method for the assessment of the quality of sugarcane planting, 
suggested that a skip rate of up to 10% indicated that the planting operation could be classified 
as excellent. Thus, all the crop fields studied here were within this classification, except for 
Field 4, which was classified as normal quality. Based on a group of three experiments using 
inter-row spacing of 1.3 m (two) and 1.4 m (one), a linear decrease in yield of 3.2% for each 
10% increase in skips was found for plant cane harvested with 18 months (Stolf, 1986; 

















Table 2.1. Global features obtained from the skip-mapping procedure. 
Global features Field 1 Field 2 Field 3 Field 4 
Fields 
    
Field area (ha) 17.53 21.15 21.97 37.40 
Perimeter (Km) 1.76 1.91 1.96 2.73      
Crop Rows 
    
Number of Rows 520 365 418 746 
Minimum Length (m) 11.38 5.57 9.51 3.98 
Maximum Length (m) 433.88 667.02 492.17 811.78 
Average Length (m) 214.12 376.92 336.95 318.46 
Total Length (km) 111.34 137.57 140.84 237.57 
Average Angle (°) 111 90 69 41      
Skips 
    
Number of Skips 2,877 1,467 3,306 11,948 
Maximum Length (m) 50.92 125.72 255.75 185.86 
Average Length (m) 1.61 2.14 2.17 2.12 
Total Length (km) 4.65 3.15 7.17 25.33 
Skip Rate (%) 4.17 2.29 5.09 10.66 
 
2.3.2. Skip maps 
The maps created at the end of the procedure show the spatial distribution of skips within 
the sugarcane fields (Figures 2.4 to 2.7). Because the data are georeferenced, they can be used 
to direct field verification to the most relevant points, which optimizes the effort. Furthermore, 
the traditional method of skip evaluation considers only some parts of some planting rows 
(Stolf, 1986). The method proposed here presents an estimate based on all the crop rows and 
thus, it is much more representative. Furthermore, there is the possibility of comparison with 
other maps, such as vegetation index maps, yield maps, and soil and slope maps, generating 
additional source information to assist with decision making. The gaps without crop rows in the 




























































It can be seen in the skip maps (Figures 2.4 to 2.7) that there are concentrations of skips 
in the corners of the fields, possibly related to poor germination due to soil compaction by 
excessive machine traffic. Furthermore, many skips occur next to terraces, which are areas 
where water often concentrates. An excess of water might result in various problems such as 
the delay in germination, bud and root rot due to lack of oxygen, and increased risk of disease. 
Ray et al. (2009) found that the higher the flood time, the greater the loss of sugarcane yield. 
Glaz and Lingle (2012) reported that the leaves, stalks, roots, and biomass were all affected 
negatively by increased flood time in recently planted sugarcane fields. Thus, those skips 
related to late germination at such flood points could not be identified on the acquired images 
at 60 DAP (Figure 2.1). Subsequent field checks at these flood points revealed higher skip 
incidence, although fewer in number and with shorter lengths than obtained from the maps. The 
sugarcane plants at these points presented reduced size and fewer numbers of leaves and stalks 
per unit area compared to the remainder of the field. Therefore, even if it is accepted that the 
method overestimates skip numbers at such flood points, it will provide evidence of where yield 
loss will be higher. 
Finally, the maps also provide some information about the quality of the planting 
operation, which can help improve the mechanical operations. For example, in Field 2 (Figure 
2.5), two crop rows with huge skips were detected, which were caused by bad mechanical 
operations at planting. Thus, the frequency, length, and distribution of skips can help identify 
the sources of the problems. 
 
2.3.3. Validation 
The relationship between the estimated and observed skip length was highly satisfactory 
with a value of R2 = 0.97, which was confirmed by the value of dr = 0.92, indicating good 
agreement (Figure 2.8). Through the mean error, we conclude that the procedure 
underestimated skip length by an average of 0.33 m with a root mean square error of 1.29 m. 
These validation results indicate that the use of high-resolution images from UAV systems 
during the early growth season of sugarcane can provide accurate information about skip 






Figure 2.8. Comparison between the skip length observed in the field and that estimated by the 
procedure (n = number of samples; ME = mean error; RMSE = root mean square error; dr = 
enhanced Wilmott concordance coefficient). 
 
2.4.  Conclusions 
 
This study describes an object-based image analysis (OBIA) procedure for UAV 
images, designed to map and extract information about skips in sugarcane planting rows. The 
use of UAV images allows the creation of skip maps of sugarcane fields. The method presented 
in this study proved efficient in the estimation of skip length when compared with information 
derived in situ. Such information is useful for decision making, agricultural monitoring, and 
reduction of operational costs reduction, and it can help maintain the longevity and productivity 
of the crop over successive cycles. The use of UAV technology optimizes the surveying of 
skips in fields, previously unfeasible with satellite imagery and currently realized by field 
investigation. 
The OBIA method resolves complex problems related to the UAV images through the 



































its combination with other geographic information system platforms, as demonstrated in this 
study, represents an advance in the extraction and interpretation of remote sensing data. 
The time of image acquisition is important when mapping skips. The method presented 
here was influenced by the presence of long skips, late germination, or sugarcane covering the 
inter-row gaps. The acquisition of good quality imagery at the ideal time will reduce errors in 
the construction of the crop rows. Future studies will monitor successive ratoons to determine 
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Height estimation of sugarcane by crop surface models 
using an unmanned aerial vehicle (UAV) 
Abstract 
The use of unmanned aerial vehicles (UAVs) as remote sensing platforms has great potential 
for describing detailed, site-specific features of crops, which is very useful in a precision 
agriculture context. This chapter describes the generation of crop surface models (CSMs) 
derived from high-resolution images from an UAV for height estimation of sugarcane fields. 
Using an UAV with an RGB camera onboard, was created densified 3D point clouds over the 
study area in two different flight line directions (N/S and E/W). Then, the digital surface model 
(DSM) and digital terrain model (DTM) were extracted and used to create the CSMs. The 
sugarcane height maps were created based on this information. Also, was investigated the 
influence of different flight lines on the height estimation and the accuracies by comparing the 
maps with ground references. The best results were achieved when using both flight lines 
together. The resulting maps detected the differences in sugarcane heights, which were 
confirmed by field measurements. This method has potential for future application by 
sugarcane-related industries, researchers and farmers to estimate average crop height. 
 
 










Estimativa de altura da cana-de-açúcar por modelos de superfície da cultura utilizando 





O uso de veículos aéreos não tripulados (VANTs) como plataformas de sensoriamento remoto 
tem um tremendo potencial para descrever características detalhadas sobre as culturas em nível 
de talhão, o que é muito útil no contexto da agricultura de precisão. Este capítulo descreve a 
geração de modelos de superfície da cultura (MSC), derivadas de imagens de alta resolução a 
partir de um VANT para a estimativa da altura de canaviais. Por meio de uma câmera RGB a 
bordo do VANT, foram criadas nuvens de pontos 3D sobre a área de estudo em duas direções 
de linha de voo diferentes (N/S e L/O). Em seguida, o modelo digital de superfície (MDS) e 
modelo digital do terreno (MDT) foram extraídos e utilizados para criar os MSC. Os mapas de 
altura da cana-de-açúcar foram criados com base nessas informações. Além do mais, foi 
investigado a influência das diferentes linhas de voo sobre a estimativa da altura e sua precisão, 
comparando os mapas com referências coletadas em campo. Os melhores resultados foram 
obtidos quando se utilizou ambas as linhas de voo diferentes. Os mapas resultantes detectaram 
diferenças na altura da cana-de-açúcar, que foram confirmados por medições de campo. Este 
método tem potencial para aplicações futuras por pesquisadores, agricultores e agroindústrias 
relacionados com o setor sucroalcooleiro para a estimativa da altura média da cultura no talhão. 
 
Palavras-chave: altura da cultura; nuvem de pontos; MDT; MDS; agricultura de precisão. 
 
3.1.  Introduction  
The monitoring of variables that have significant influences on agricultural production 
is one of the objectives of precision agriculture. The canopy height is an important parameter 
required for inventory, monitoring, and modeling activities (Selkowitz et al., 2012). The spatial 
representation of this metric can provide essential information related to ecological, 
hydrological, biophysical, meteorological, and agronomic processes in natural vegetation and 






In sugarcane, among plant characters associated with yield, the height, together with 
plant diameter and number of stalks, is commonly used in the estimations (Bocca et al., 2015; 
Matsuoka & Stolf, 2012; Silva et al., 2008). Moreover, the height of sugarcane crop presents a 
high correlation with biomass and nitrogen uptake (Portz et al., 2012). De Almeida Silva et al. 
(2008) showed a significant correlation between stalk height and stalk number, stalk diameter 
and stalk weight. 
In addition, this metric can be an indicator of other parameters because it is highly 
influenced by soil, total sugar, leaf nitrogen, temperature and light intensity (Rahman 2012). 
For this reason, sugarcane plantations present variations in height in different sectors of the 
field. Additionally, when the plant reaches a certain height, it begins to lodge, moving close to 
breaking once its breakage tension is surpassed for environmental phenomena such as wind. 
The occurrence of lodging in sugarcane exhibits high temporal and spatial heterogeneity 
(Solano et al., 2013). 
Plant height information is most useful when it is available at high spatial and temporal 
resolution (Bendig et al., 2015). For this purpose, remote sensing technologies have been used 
for modeling canopy surfaces based on stereo photogrammetry (Bendig et al., 2014, 2015; 
Geipel et al., 2014) or laser scanning (Ehlert et al., 2010; Ehlert & Heisig, 2013; Hoffmeister et 
al., 2010; Tilly et al., 2014; Zhang & Grift, 2012) of local crop fields. Together with the 
development of new technologies such as unmanned aerial vehicles (UAVs) as platforms for 
the acquisition of remote sensing imagery, which allows some of the limitations of orbital and 
airborne platforms that hinder crop monitoring in real time to be overcome, e.g., the suitability 
of revisit times, avoidance of cloud cover, costs, complexity of operation, and limitation of 
spatial resolution (Berni et al., 2009b; Colomina & Molina, 2014; Everaerts, 2009; Zhang & 
Kovacs, 2012). 
Crop surface models (CSMs) can be generated from 3D point clouds through the 
availability of high-resolution images easily obtained by UAVs using multi-view stereopsis 
(MVS) techniques combining photogrammetry and computer vision (Harwin & Lucieer, 2012). 
However, the density of the point clouds created is a function of the number of unambiguous 
point matches found. The success of MVS via the feature matching process is influenced by 
untextured surfaces, occlusions, illumination changes and acquisition geometry (Harwin & 
Lucieer, 2012; Remondino & El-Hakim, 2006). 
This method of height estimation using CSMs has been studied for barley (Aasen et al., 





Tejada et al., 2014). However, it is not of knowledge of the existence of any other studies on 
canopy height quantification using very high-resolution CSMs for sugarcane crops. Moreover, 
certain questions arise when dealing with UAV measurements, such as the quality of the 
obtained solutions and the performance of the techniques for DSM production (Colomina & 
Molina, 2014). For this reason, in this study, was explored the use of UAV imagery in automatic 
CSM generation for sugarcane height estimation. Moreover, also assessed how different 
acquisition geometries affect point cloud generation. 
 
3.2.  Study area 
The fields used in this study are located near Euclides da Cunha Paulista in São Paulo 
State, Brazil (22°26'21"S, 52°35'46"W). The fields have two predominant classes of soils—
Rhodic Hapludox (Typic Hapludox) and Quartzarenic Neosol (Typic Quartzipsamment)—
according to soil taxonomy (USDA, 2014), presenting a moderate slope (<12%) that allows 
mechanical green harvest. The region has an average ground elevation of approximately 400 m 
a.s.l. and a humid subtropical climate (Cfa) according to the Köppen classification. The average 
annual temperature is 22 °C, and the average annual rainfall is 1200 mm, with much more 
precipitation in summer than in winter. The landscape of the region comprises some 
environmental conservation units along with a predominance of sugarcane cultivation and 
livestock production. 
The crop variety planted in the area was RB-86-7515, planted in rows 1.5 m apart over 
an area of approximately 100 ha split into four study fields in September 2014 and harvested in 
October 2015. UAV imagery was acquired on July 14, 2015, when the sugarcane was at the 
ripening stage, approximately 290 days after planting (DAP). After 300 DAP, sugarcane 
exhibits slower growth activity (Tejera et al., 2007). 
 
3.3.  Data and methods 
 
Using an UAV with an RGB camera onboard, we created orthoimages and 3D point 
clouds over the study area in two different flight line directions. We then extracted the DSM 
and DTM to create the CSM. Using this information, we created the sugarcane height maps. 
We investigated the influence of different flight lines in the height estimation and calculated 






3.3.1. UAV system  
The UAV system used is based on an eBee Ag drone designed and developed by 
senseFly (senseFly, Cheseaux-Lausanne, Switzerland). This UAV has a fixed wing built of 
expanded polypropylene and weighs approximately 0.69 kg, including the payload, which 
means it can be hand launched. The UAV is battery powered and can fly for 50 min at 40–90 
km h-1 at altitudes of up to 900 m within wind speeds of up to 45 km h-1. The usual flight height 
is 250 m, which provides spatial resolution of 0.10 m over an area of up 12 km² in a single 
flight. The flight is controlled automatically using real-time positioning based on a GPS system 
that is accurate to within a few meters. The attitude of the plane is monitored by accelerometers. 
The drone is supplied with two advanced software packages: eMotion 2 (senseFly, Cheseaux-
Lausanne, Switzerland) for flight planning and control and Postflight Terra 3D (Pix4D SA, 
Lausanne, Switzerland), which is photogrammetry software designed for post-flight image 
processing and analysis. 
The coupled sensor is a small consumer camera based on an RGB Canon Powershot 
S110 compact camera. The camera has a 24-mm focal length, and the CMOS sensor (7.6 × 5.7 
mm) stores the acquired images on a compact flash card with up to 12-bit radiometric 
resolution. The images were acquired using a shutter speed of 1/2000 to prevent images from 
being affected by vibrations and motion. In the mode used, for every single shot, the camera 
adapts the aperture and ISO speed, which ranged from 2.0 to 4.0 and 100 to 200, respectively, 
according to the light conditions to ensure the best image exposure. 
 
3.3.2. Image acquisition and processing 
 
The UAV imagery was acquired at flight altitudes of 150–200 m, providing a ground 
sampling distance (GSD) of 106 mm/pixel in the orthoimages with a 75% forward lap and 70% 
side lap. Two different flight lines were acquired over the study area: North – South (N/S) and 
West – East (W/E). The two flights were carried out almost consecutively. The flights were 
conducted during an opening in cloud cover on a partly cloudy day under sunny conditions. 
The observation details of these two flight directions are summarized in Table 3.1 and 
illustrated in Figure 3.1.  
The eBee Ag UAV system allows direct georeferencing of the images using an inertial 
measurement unit (IMU) in combination with a global navigation satellite system (GNSS) 





photogrammetric process were omitted, which speeds up both data collection and data 
processing, allowing a fully automatic processing chain (Bendig et al., 2014; Turner et al., 
2014). 
The Postflight Terra 3D software (Pix4D SA, Lausanne, Switzerland) was used for 
creation of the DSMs and orthomosaics, where each flight line was separately processed. To 
evaluate the improvement in DSM generation, both flight lines were processed together (N/S 
and W/E), thus creating another group of results called "Crossed" (CR). For all groups of 
images, the software parameters used for point cloud densification included “fast mode” and 
“noise filtering.” The densified point clouds were exported in .LAS format (Table 3.1). This 
format supports the exchange of any 3-dimensional x, y, z tuplet. Postflight software processing 
also showed the capability to generate point clouds almost automatically with minimal a priori 
information and interactive work. 
 
Figure 3.1. Illustration of the flight lines (N/S and W/E) together with the sun position at the 
time of flight. Elevation angle: θel; azimuth angle: θa. 
 










No. of 3D 
densified points 
Average point 
density (per m³) 
N/S 14:15 40.27° 329.82° 128 3,588,958 0.80 
W/S 15:00 34.19° 319.12° 146 4,267,849 0.83 








3.3.3. CSM generation 
 
To generate the CSMs was used the workflow in ESRI ArcGIS® 10.2 (Figure 2), where 
the inputs are the point cloud datasets (.LAS). Firstly, the point cloud datasets were converted 
into triangular irregular networks (TINs). In this process, different thinning methods for 
reducing the LAS data points to DSM and DTM generation were used. For DTMs, the thinning 
method was select the LAS data point with the lowest elevation value in a large window size 
sample area. For DSMs, the thinning method was select the LAS data point with the highest 
elevation in a small window size sample area. Figure 3 shows examples of the results of this 
step (DSM and DTM). 
Subsequently, the TIN layers were converted to a raster format to allow the use of 
mathematical operations. In this study, the cell size of the output raster was defined as 0.5 m. 
Thereafter, the CSM raster layer was generated by pixel-wise subtraction of the DTM layer 
altitudes from the DSM layer altitudes using the raster math tool “Minus.” At the end of the 
process, the CSM layer represented the height estimation of the sugarcane (Figure 3.3, CSM). 
 
 






Figure 3.3. Examples of the 3D models generated—digital terrain model (DTM), digital 
surface model (DSM), and crop surface model (CSM)—together with the locations of the 
ground measurements. 
 
3.3.4. Results analysis  
 To check the variation and the difference between the approaches adopted (N/S, W/E 
and CR), the histograms, mean and standard deviation were extracted for each field separately 
using MATLAB software (R12, MathWorks, MA, USA). These summary values were also 
compared for the field observations. 
To estimate the accuracy, a comparison of the sugarcane height obtained from the 
generated CSMs (estimated) against ground measurements (observed) was carried out (Figure 
3.3). Overall, 29 samples were collected in the field using a surveying rod. The sugarcane crop 
height of each sample plot was defined as the average stem distance from the soil to the insertion 
of the top visible dewlap leaf (TVD) (Glaz and Lingle 2012; Portz et al. 2012). This hand-
measurement process is labor intensive and error prone due to the high variability among plants 
as well as the plant density. 
 Thus, due to this variability in the field, the CSMs were segmented into homogeneous 
objects using the "Segmentation Only Feature Extraction Workflow" tool in ENVI software 
(Exelis Visual Information Solutions Inc., Boulder, CO, USA) with a "scale" and "merge" level 





measurement GPS point (observed) with a mean value on the image (estimated), we utilized a 
given size pixel (0.5 m) and GPS location accuracy (2-5 m; Trimble Juno SA [Trimble 
Navigation Limited, CO, USA]). The analysis was performed through a simple linear regression 
and Pearson’s correlation coefficient (p). The mean error (ME), root mean square error (RMSE) 
and mean absolute percent error (MAPE) were the statistical indicators used. 
 
3.4.  Results and discussion 
3.4.1. Height estimation maps 
The spatial divergence between the height estimations generated by the different 
approaches for each study field (F1, F2, F3, F4) can be observed in the maps (Figure 3.4). The 
incidence of lodged sugarcane influenced the estimation obtained by the different flight 
directions (N/S and E/W). This result is due to the shading effects caused by these lodged areas 
because shaded areas hidden behind elevated objects are interpolated during the orthoimage 
correction and these areas can lead to smearing effects (Bucher 2004). However, the CR 






Figure 3.4. Height maps generated from CSMs of each approach for each study field (F1, F2, 
F3, F4) together with the positions of the outliers. The detail shows the fallen sugarcane in the 






The height values estimated using the three different approaches were analyzed within 
the boundaries of each field (Figure 3.5). Thus, the estimation for the same field changed 
according to the flight direction (N/S and E/W). Indeed, elevated objects observed under 
different view angles have different radiometric properties. Different brightness values for 
identical objects types affect the process of image matching for the DSM and the image 
mosaicking process (Bucher 2004; Rosnell, Honkavaara, and Nurminen 2012). However, the 
CR histograms were more symmetrical than the others, with values close to average, suggesting 
more stable data. Unlike the E/W approach, F3 produced a bimodal distribution, i.e., two 
distributions with a different average, revealing a possible generation of low height values. 
 
Figure 3.5. The histograms of the height estimation maps based on each approach (E/W, N/S 
and CR) separated for each field (F1, F2, F3, F4). The dotted lines represent the respective 
averages. 
 
3.4.2. Height accuracy 
The CR approach obtained the highest average heights and was closer to the field-
verified heights. The standard deviations were constant, with an average of 0.76 m for fields 
F1, F2 and F3. Field F4 achieved the highest standard deviation, averaging 0.89 m. This 








Figure 3.6. The mean and standard deviation from each histogram of each approach (E/W, N/S 
and CR) together with the height observed in the field (OBS) for each study field (F1, F2, F3, 
F4). 
 
A comparison of the estimated height data with those obtained in the field sampling 
points revealed that the CR approach achieved the best results (Table 3.2). The mean error was 
checked through an overestimation of 0.08 m on average with an RMSE of 0.40 m and an 
absolute error of 6.66%; however, the CR produced an overestimation greater than other 
approaches at some points (Figure 3.7). The N/S approach obtained the highest Pearson 
coefficient (0.54). Nevertheless, the existence of outliers (Figure 3.7, red circle) for both 
approaches, N/S and E/W, confirms the underestimation of height values in the region of these 
points (Figure 3.4). This finding is due to the shading effects discussed above. In addition, the 
manual measurements in the field might not provide the best ground validation because 
determining average plant height is difficult due to the high variability of heights, as also noted 
in other studies (Bendig, Bolten, and Bareth 2013; Aasen et al. 2015; Geipel, Link, and Claupein 
2014).  
Zarco-Tejada et al. (2014), using a low-cost camera onboard an UAV to quantify tree 
height, reached an R2 = 0.83 and an overall RMSE of 0.35 m. Bendig, Bolten, and Bareth (2013) 
used a UAV system to monitor crop growth variability in a barley crop. Comparing the plant 
heights derived from CSM and field data shows that the range of values was twice as large in 
the CSM (0.42 m) than in the field control survey (0.21 m). Aasen et al. (2015), using a 





estimated measurements constantly underestimated the plant height by approximately 0.19 m 
with an R2 = 0.7. 
 
Table 3.2. Summary of comparison between the averaged canopy surface heights obtained 
from the generated CSMs (estimated) against the ground measurements (observed). 
 Image ME (m) RMSE (m) p MAPE (%) 
North/South -0.08 0.55 0.54 9.16 
East/West -0.18 0.57 0.23 11.45 
Crossed 0.08 0.40 0.48 6.66 
Mean error: ME; root mean square error: RMSE; Pearson’s correlation coefficient: p; mean 
absolute percent error: MAPE. 
 
 
Figure 3.7. Scatterplot of the averaged canopy surface heights obtained from the generated 
CSMs (estimated) compared to the ground measurements (observed). 
 
3.4.3. Discussion and recommendations  
The different flight directions influenced the generation of the crop surface model. Other 
factors such as season, solar elevation, weather conditions and sensor may also have influenced 
the generation of the cloud points (Bendig, Bolten, and Bareth; Rosnell, Honkavaara, and 





The shading effect showed a great influence on the correct generation of the CSM. Once 
the shadows have an effect on image matching, more points appear on the edges of the shadows, 
and point clouds appear to be more sparse in the shaded areas (Gatziolis et al. 2015; Rosnell 
and Honkavaara 2012). This effect was intensified where there was an incidence of lodge 
sugarcane.   
This factor is encountered in high-resolution UAV images, where the shadow 
component is substantial. By contrast, in low-resolution images, the shadows form mixed pixels 
with the other objects, decreasing their reflectivity. To mitigate this problem, Rosnell and 
Honkavaara (2012), after performing data collection in different conditions, concluded that for 
RGB commercial cameras, cloudy weather creates a limited dynamic range between shadowed 
and lighted areas, providing better quality images.  
 Another method is to increase the overlap rate in different directions, as used in the 
present study. Using the two flight directions together (CR) resulted in a greater generation of 
3D point clouds. Haala and Rothermel (2012) noted that the combination of stereo matches 
from different image pairs enables a very efficient elimination of erroneous matches and results 
in a considerable reliability of the 3D points. Rosnell and Honkavaara (2012) advise the use of 
high stereo overlaps, where the increasing overlap clearly improves the accuracy. Zarco-Tejada 
et al. (2014), when quantifying tree height in olive orchards, flew over the area using a grid of 
parallel and perpendicular flight lines to maximize the overlap and allow a successful 
reconstruction to derive the DSM. 
The intra-field heterogeneity observed in the maps was also observed in situ, with the 
presence of planting skips, lodge sugarcane, bared soil and different crop heights. The 
heterogeneity of many sugarcane fields is often due to physico-chemical and biological factors 
of the soil or pest presence (Cadet et al., 2002). However, the data are georeferenced, and the 
maps can be used to guide a direct field verification to the most relevant points to check the 
possible cause of the low height, which can be useful for decision making.  
 
3.5.  Conclusion 
 
In this paper, we addressed the potential for high-resolution RGB images from an 
unmanned aerial vehicle (UAV) in generating sugarcane height maps. In addition, different 





generation. The best results were achieved when the North/South and West/East flight lines 
were used together to increase the overlap rate. 
 The resulting maps from the crop surface models show that the differences in sugarcane 
heights are detectable and field verified. This method is ideal for estimating the average height 
of an entire field crop at once instead of point-wise ground measurements. Furthermore, the 
maps can be used to guide direct field verification to the most relevant points. This method has 
the potential for future application by sugarcane-related mills, farmers and researchers. 
 The method presented here was influenced by the presence of shadows, but other factors 
include the season, solar elevation, weather conditions and sensors. The acquisition of high-
quality images, together with use of the high stereo overlaps, reduces errors in point cloud 
generation. Future studies may correlate the height maps obtained by the method presented here 
with soil and crop parameters to estimate biomass and yield. 
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Explanatory modeling for sugarcane yield spatial 




The long length of the growing period of sugarcane, associated with high intrafield 
spatiotemporal heterogeneity, makes remote sensing a useful tool for collecting data regarding 
this crop. This research used two images with high spatial resolution acquired by different 
remote sensing platforms: an RGB image from an unmanned aerial vehicle (UAV) and a 
multispectral image from the WorldView-2 satellite. To assess whether the monitoring 
capability offered by the UAV data is comparable to that of the satellite-derived data, was used 
linear regression models to evaluate the potential of each system in representing the variability 
of sugarcane yield within the study area. The results showed that the UAV data produced 
similar mean errors, but with lower explanatory power compared with the WorldView-2 data, 
obtaining values of R² of 0.23 and 0.40, respectively. Moreover, the combination of both sets of 
data (WorldView-2 + UAV) improved the accuracy further (R² = 0.62). 













Modelagem exploratória da variabilidade espacial da produtividade da cana-de-açúcar 




A longa duração do ciclo de desenvolvimento da cana-de-açúcar e a elevada heterogeneidade 
espaço-temporal em campo, faz do sensoriamento remoto uma ferramenta útil para a coleta de 
informações sobre essa cultura. Assim, neste estudo foram utilizadas duas imagens de alta 
resolução espacial, adquiridas a partir de diferentes plataformas de sensoriamento remoto. 
Uma imagem RGB, obtida a partir de um Veículo Aéreo Não Tripulado (VANT) e uma imagem 
multiespectral do satélite WorldView-2.  Deste modo, para avaliar se os dados VANT têm 
capacidade de monitoramento comparáveis aos do satélite, foram utilizados modelos de 
regressão linear com o objetivo de mensurar o potencial de cada sistema em representar a 
variabilidade espacial da produtividade da cana-de-açúcar dentro da área. Os resultados 
mostraram que os dados de VANT produziram erros médios semelhantes, mas com poder 
exploratório menor em comparação aos dados WorldView-2, obtendo um R² de 0.23 contra 
0.40, respectivamente. Além disso, a incorporação de ambos os dados (WorldView-2 + VANT) 
melhorou a precisão, com um R²=0.62. 
 
Palavras-chave: câmera digital; veículo aéreo não tripulado; agricultura de precisão; 
sensoriamento remoto; WorldView-2. 
 
4.1.  Introduction 
Sugarcane, Saccharum  spp., is a semiperennial crop that plays an important role in the 
economy of many counties in the tropics and subtropics (Abdel‐Rahman & Ahmed, 2008; 
Santos et al., 2015; UNICA, 2015). Sugar is the most commonly product obtained from 
sugarcane, however, many other related high-added-value products can be derived. For 
example, ethanol and bioelectricity are produced in most Brazilian sugarcane mills, and 
biohydrocarbons and biochemicals are currently being manufactured in pilot-scale sugarcane 





Remote sensing techniques have considerable potential for sugarcane yield prediction 
[biomass of stalks per hectare (Mg ha-1)] and for evaluating crop variability (Abdel‐Rahman & 
Ahmed, 2008; Almeida et al., 2006; Bégué et al., 2010). Some approaches have proposed using 
direct relationships between multispectral measurements or vegetation indices and biomass for 
estimating crop yields. Such spectral information is derived mainly from satellite images 
available from various platforms, e.g., Landsat (Almeida et al., 2006; Gers, 2003; Rahman & 
Robson, 2016; Rudorff & Batista, 1990; Simões et al., 2005), SPOT (Bégué et al., 2010; Morel 
et al., 2014), and  MODIS (Mulianga et al., 2013). However, many researchers have suggested 
that the use of data with greater spatiotemporal resolution could improve yield estimations 
(Abdel‐Rahman & Ahmed, 2008; Almeida et al., 2006; Bégué et al., 2010; Morel et al., 2014; 
Mulianga et al., 2013). 
Although remote sensing techniques have considerable potential for sugarcane 
observations, the studies above have identified certain limitations when using satellite data, e.g., 
the difficulty of collecting data at an ideal acquisition time (Bégué et al., 2010; Simões et al., 
2005). Furthermore, sugarcane has high intrafield variability due to variation in cropping 
practices, physical and chemical differences of the soil, and unequal re-growth (ratooning) 
(Cadet et al., 2002; Mulianga et al., 2015, 2013). These factors combine to cause very high 
spatiotemporal variability on the field scale, which could be addressed better using sensors with 
higher temporal resolution (Bégué et al., 2010). Moreover, the frequency of image acquisition 
is generally below that necessary to guarantee cloud-free imagery (Almeida et al., 2006; Zhou 
et al., 2015).  
In this regard, an unmanned aerial vehicle (UAV) system, designed for low-altitude 
remote sensing, could provide greater flexibility in the collection of crop imagery with higher 
spatial resolution, guaranteeing data samples of sufficient size (Ahamed et al., 2011; Matese et 
al., 2015; Pan et al., 2011; Torres-Sánchez et al., 2013; Zhang et al., 2014). Based on studies of 
vineyards, Matese et al. (2015) indicated that UAVs provide results that are more informative 
than other platforms. In terms of cost analysis, they concluded that beyond technical aspects, 
an economic break-even point between UAVs and other currently available platforms ranged 
from 5–50 ha, and that above such a threshold, airborne and satellite platforms have lower 
imagery costs. 
Recently, studies have been conducted to evaluate the efficacy of using UAV platforms 
for monitoring crops, e.g., vineyards (Comba et al., 2015; Matese et al., 2015; Mathews & 





et al., 2014; Zhang et al., 2014), barley (Aasen et al., 2015; Bendig et al., 2015; Vohland et al., 
2010), corn (Geipel et al., 2014), soybean (Zhang et al., 2014), and onion (Ballesteros et al., 
2014). Multispectral cameras are powerful remote sensing tools; however, limited financial 
resources or the lack of technical expertise can persuade UAV users to opt for standard digital 
cameras. Despite their limited spectral resolution, such cameras are often employed because of 
their low cost and their capability of acquiring images with submetric spatial resolution 
(Ballesteros et al., 2014; Bendig et al., 2015; Zarco-Tejada et al., 2014). 
The biophysical parameters of a crop have direct relationship with the spectral response 
of a sensor (Fernández-Manso et al., 2014; Hatfield et al., 2008; Jensen et al., 2007; Viña et al., 
2011), which can be determined through correlation and multiple regression analyses (Cao et 
al., 2014; Fernández-Manso et al., 2014; Jensen et al., 2007; Lu, 2006; Simões et al., 2005). 
In this research, we used two images with high spatial resolution, which were acquired 
by different remote sensing platforms: an RGB image from an UAV system (equipped with a 
standard digital camera) and a multispectral image obtained by the WorldView-2 satellite. The 
objective of this study was to assess the performance of each system in representing the 
intrafield variability of sugarcane yield and therefore, to evaluate whether the capability for 
monitoring sugarcane yield offered by UAV data is comparable to that of satellite-derived data. 
 
4.2.  Materials and methods 
4.2.1. Study area 
The fields used in this study are located near Euclides da Cunha Paulista municipality 
in São Paulo state, Brazil (22°26'21"S, 52°35'46"W). They have two predominant classes of 
soils: Rhodic Hapludox (Typic Hapludox) and Quartzarenic Neosol (Typic Quartzipsamment) 
according to Soil Taxonomy (USDA, 2014), presenting a moderate slope (<12%) that allows 
mechanical green harvesting. The region has an average ground elevation of approximately 400 
m a.s.l. and a humid subtropical climate (Cfa) according to the Köppen classification. The 
average annual temperature is 22 °C, and the average annual rainfall is 1200 mm, with much 
more precipitation in summer than in winter. The landscape of the region comprises some 
environmental conservation units with a predominance of sugarcane cultivation and livestock 
production. In September 2014, the crop (variety: RB-86-7515) was planted in rows 1.5-m apart 







4.2.2. Field data 
Overall, 29 georeferenced samples were collected using a GPS in the field on July 14, 
2015, during the ripening stage, approximately 290 days after planting (DAP) (Fig. 4.1). At 
each point, data were collected regarding the diameter and height of the stalks and the number 
of stalks per meter. These variables were used to calculate the average sugarcane yield (Bocca 
et al., 2015; Marafon, 2012). The estimated yield in tonnes of sugarcane stalks per hectare 
(TCH) was obtained using Eq. 1 (Martins & Landell, 1995; Oliveira et al., 2007): 
TCH = D² × NCM × H × (0.007854/ESP),   Eq.(1) 
 
where D is the diameter of the stalk, NCM is the number of stalks per meter, H is the average 
height, ESP is the spacing between crop rows (1.50 m), and 0.007854 is a correction factor. 
 
 
Figure 4.1. Images of the study field: (a) UAV (0.1 m) and (b) WorldView-2 (1.85 m). Yellow 









4.2.3. UAV data 
4.2.3.1. UAV system  
The UAV used in this study was a fixed-wing eBee Ag drone designed and developed 
by senseFly (senseFly, Cheseaux-Lausanne, Switzerland). It is constructed of expanded 
polypropylene and it weighs about 0.69 kg, including the payload, which means it can be hand-
launched. The UAV is battery-powered and it can fly for 50 min at 40–90 km h-1 at altitudes 
of up to 900 m, within wind speeds of up to 45 km h-1. Its usual flight height is 250 m, which 
provides surface spatial resolution of 0.10 m over an area of up to 12 km² in a single flight. The 
flight is controlled automatically using real-time positioning based on a GPS system with 
submetric precision. The maneuvers of the plane are monitored by accelerometers. The drone 
is supplied as standard with two advanced software packages: eMotion 2 (senseFly, Cheseaux-
Lausanne, Switzerland) for flight planning and control, and Postflight Terra 3D (Pix4D SA, 
Lausanne, Switzerland), which is a photogrammetry software package designed for post-flight 
image processing and analysis (senseFly, 2015). 
The coupled sensor is a small commercial camera (Canon Powershot S110) with 
wavelengths centered at 660 nm (red), 550 nm (green), and 450 nm (blue). The camera has a 
24-mm focal length and the CMOS sensor (7.6 × 5.7 mm) stores the acquired images on a 
compact flash card, with radiometric resolution up to 12-bit. The images were acquired using a 
shutter speed of 1/2000, in order to prevent them being affected by vibration and motion. In the 
operational mode used, the camera adapted the aperture and ISO speed (range: 2.0–4.0 and 
100–200, respectively) for each shot according to the prevailing light conditions to ensure 
optimum image exposure. 
4.2.3.2.  Image acquisition and processing 
The UAV imagery was acquired on July 14, 2015, i.e., the same date as the field 
sampling (Fig. 4.1a). For biomass prediction, the best correlation was observed using images 
acquired two months prior to harvesting, because at that stage, the cane was fully developed 
and starting its maturation stage (Bégué et al., 2010). 
The flight altitude was 200 m, which resulted in a ground sampling distance of 106 
mm/pixel in the orthoimages, with 75% forward lap and 70% side lap. The images were 
acquired in two perpendicular flight orientations: the first was North–South (N/S) and the 
second was West–East (W/E). The two flights were performed almost consecutively under 





The eBee Ag UAV system allows direct georeferencing of the images using an inertial 
measurement unit in combination with an onboard global navigation satellite system. Therefore, 
the use of ground control points is unnecessary, which optimizes both data collection and data 
processing and allows a fully automatic processing chain (Bendig et al., 2014; Turner et al., 
2014). 
The Postflight Terra 3D software (Pix4D SA, Lausanne, Switzerland) was used for the 
creation of the digital surface model (DSM) and an orthomosaic. In order to improve the 
generation of the DSM and orthomosaic, both flight lines (N/S and W/E) were processed 
together. Moreover, a crop surface model was generated using 3D densified points (Harwin and 
Lucieer, 2012) for height estimation of the sugarcane fields (hereafter, called H_Est). The 
detailed methodology of this process is described in chapter 3. 
The UAV data (RGB orthomosaic and height estimation) were resampled (nearest 
neighborhood method) to WorldView-2 spatial resolution (1.85 m) and Datum WGS-84 using 
ENVI software (Exelis Visual Information Solutions, Inc., Boulder, CO, USA). Radiometric 
correction of the UAV image was not performed. 
 
4.2.4. Satellite data 
A WorldView-2 satellite image acquired on August 8, 2015, approximately 315 DAP 
(Fig. 4.1b), was used in this study because it represents the nearest available imagery to the 
field sampling. WorldView-2 provides one panchromatic (450–800 nm) and eight multispectral 
bands: coastal (425 nm), blue (480 nm), green (545 nm), yellow (605 nm), red (660 nm), red 
edge (725 nm), near infrared 1 (832 nm), and near infrared 2 (950 nm) (center wavelengths). 
The spatial resolution is 0.5 m for the panchromatic and 1.85 m for the multispectral bands at 
nadir. To compensate for atmospheric effects and to retrieve surface reflectance spectra, the 
MODTRAN-based Fast line-of-sight Atmospheric Analysis of Spectral Hypercubes 
(FLAASH) module of ENVI (Exelis Visual Information Solutions, Inc., Boulder, CO, USA) 
was applied for atmospheric correction (Matthew et al., 2000). 
 
4.2.5. Statistical framework  
The 29 georeferenced field-derived yield data points were integrated with the UAV and 
satellite data and the respective values of the UAV bands (RGB) and height values (H_Est) 





green (B3), yellow (B4), red (B5), red edge (B6), near infrared 1 (B7), and near infrared 2 (B8). 
The extraction was processed using Esri ArcGIS® 10.2.  
We used the R software (Ihaka & Gentleman, 1996; R Development Core Team, 2016) 
for the statistical analysis. Explanatory modeling requires interpretable statistical models that 
are easily linked to theory (Shmueli, 2010). Therefore, we used linear regression models to 
explain the yield variation and to evaluate the datasets in terms of its explanatory power. 
Firstly, Spearman’s correlation coefficient was used to quantify each relationship 
between yield and remote sensing data. This metric measures linear or curvilinear associations 
(Kuhn & Johnson, 2013). Then, through linear regression (t-statistic), the variables were ranked 
based on importance. Scores ranging from 0–100 reflect how well the yield variability is 
explained by each variable. Thus, we were able to reduce the total number of variables by 
excluding those that poorly explained yield variation. This practice is relevant in explanatory 
modeling because it helps avoid multicollinearity, which can lead to inflated standard errors 
and degradation of the inference (Shmueli, 2010). 
After variable selection, we adjusted the linear models using the variables from each 
image separately and with all variables combined. Evaluation of the tested regression models 
was based on the coefficient of determination (R2) and on the adjusted coefficient of 
determination (R2adj), while the model performance was based on the root mean square error 
(RMSE) and AIC (Akaike’s information criterion), using a k-fold cross-validation procedure 
with k = 10, repeated 15 times.  
The analysis was performed over the residual plots to verify whether the observed error 
was random. The Shapiro–Wilk normality test and the Bartlett test of homogeneity of variances 
were used to check the model assumptions, because for explanatory models, it is important to 
verify the residual distribution and normality (Kuhn & Johnson, 2013). 
 
4.3.  Results and discussion 
 
The WorldView-2 data were negatively correlated with yield, with the highest correlation 
observed for those bands from the visible range of the spectra (B2–B5). Similar, but slightly 
weaker, patterns of correlation were observed for the UAV bands (RGB), whereas the H_Est 
variable was positively correlated with yield (Table 4.1). These results corroborate the findings 
of Simões et al. (2005) who used Landsat 7/ETM+ images to retrieve agronomic parameters 





data from the near infrared. Fernández-Manso et al. (2014) performed aboveground biomass 
estimations using optical satellite data of pine woodland. They found that the visible spectral 
range showed similar correlations to the shortwave infrared spectral range.  
 
Table 4.1. Spearman’s correlation coefficient between variables (WorldView-2 spectral bands 
and UAV data) and yield. 
WorldView-2 
Blue (B2) Green (B3) Yellow (B4) Red (B5) RedEdge (B6) NIR1 (B7) NIR2 (B8) 
-0.368 -0.322 -0.371 -0.378 -0.199 -0.092 -0.112 
     UAV 
Red Green        Blue                H_Est 
-0.296 -0.230 -0.270 0.255 
 
When the importance of the variables was measured using the absolute values of the t-
statistic through linear models (Fig. 4.2), it was possible to detect the contributions of the 
variables in explaining the yield in a range from 0–100. Furthermore, if two predictors are 
highly correlated, it implies they are measuring the same underlying information. In this case, 
the algorithm might choose between the two predictors randomly, but it is more likely to be 
performed based on small random differences between the variables (Kuhn & Johnson, 2013). 
For example, the multicollinearity between the red and blue bands with the other variables, led 
to one of them reaching a high score and the other achieving a very low score. This was 
observed in both datasets, which led to one of them being chosen, i.e., the blue (B2) for the 
WorldView-2 data and the red (Red) for the UAV data. Therefore, we reduced the total number 
of variables in the WordView-2 data to four optimum features: B2 (Blue), B8 (NIR-2), B3 
(Green), and B4 (Yellow), whereas for the UAV data, we selected the H_Est and Red features. 
 
 






Following the feature selection, we tested three linear models: the first using only 
WorldView-2 data, the second using only UAV data, and the third combining both (Table 4.2). 
Based on the regression coefficients, the visible range (b2, b3, and b4) obtained higher 
coefficient values compared with the infrared band (b8) for the WorldView-2 model, indicating 
greater significance in explaining yield variability. However, for the UAV data, the Red band 
attained the higher coefficient, both in the UAV model and in the combination (WorldView-2 
+ UAV). This ocurred because the resolution of the UAV data allows the identification of the 
sparsely vegetated areas, which allows the spectral characteristics of the soil to have greater 
influence in the pixel value. Bare soil has greater reflectance in the red band, which explains 
why the coefficient was inversely correlated with yield. This inverse relationship also has 
contribution of the absorption of red energy by chlorophyll. 
Table 4.2. Regression coefficients and p-values for the cross-calibrated prediction models 
WorldView-2 
Variables Intercept Blue (b2)         Green (b3)          Yellow (b4) NIR2 (b8) 
Coefficients 5.647 -0.732  -0.322 
 0.367 0.073 
p-value 0.919 0.014  0.072 
 0.018 0.005 
UAV  
Variables Intercept     Red     H_Est 
Coefficients 119.658   -0.661  
 0.234 
p-value 0.072   0.048    0.093 
WorldView-2 + UAV  
Variables Intercept Red b2 b3 b4 b8 H_Est 
Coefficients 43.414 -0.807 -0.682 -0.379 0.384 0.083 0.145 
p-value 0.537 0.003 0.010 0.015 0.004 0.000 0.207 
 
The WorldView-2 model showed higher R²Adj (0.30) values than the UAV model (0.17), 
meaning it had better explanatory power in terms of yield variability (Table 4.3). The lower 
R²Adj value for the UAV can be explained partly by the higher variability of the data, given its 
high spatial resolution. In this sense, we verified that the UAV pixel values, present within the 
resolution of each WorldView-2 pixel, reached subpixel average standard deviations of 19.38, 
22.91, and 17.93, for R, G, and B, respectively, and an H_Est value of 0.15. This variability is 
mainly attributable to the differences between pixels of shadow and pixels of green and no 
green leaves, which are influenced by inclination distribution and pixels of bare soil. This 
variability was homogenized in the resampling process. The UAV model with only two 
variables showed similar errors to the WorldView-2 model, as can be seen through the RMSE 





As expected, the WorldView-2 + UAV model improved the regression performance 
(R²Adj = 0.52), with lower errors compared with the performance obtained when using just one 
data type. A similar result was observed by Akar et al. (2016) when using the spatial resolution 
of a UAV image together with the spectral resolution of a satellite image (WorldView-2) to 
create land use maps of rangelands. They concluded that the combined use of UAV and satellite 
multispectral images increased the object-based classification accuracy significantly, attaining 
an overall classification accuracy of 92.4%. 
 
Table 4.3. Accuracy statistics of the best regression models using WorldView-2 spectral bands 
and UAV data for cross-validation. 
Model RMSE R² R² Adj AIC 
WorldView-2 31.46 0.40 0.30 204.53 
UAV 34.19 0.23 0.17 207.68 
WorldView-2 + UAV 26.06 0.62 0.52 195.09 
 
To provide an overview of these results, we compared our findings with studies that 
estimated sugarcane yield using orbital remote sensing data. For example, Morel et al. (2014) 
used the fraction of intercepted photosynthetically active radiation (fIPAR) data, derived from 
SPOT4 (20 m) and SPOT5 (10 m) images, in the MOSICAS sugarcane crop growth model to 
estimate field-scale sugarcane yield (dry biomass). They concluded that forcing MOSICAS 
with fIPAR values improved the accuracy of yield estimation, as demonstrated by values of 
RMSE = 12.2 Mg ha-¹ and R² = 0.46. Bégué et al. (2010) also used SPOT4 and SPOT5 images 
to measure the relationship between NDVI and sugarcane yield (fresh biomass), achieving 
correlation of R² = 0.78 and RMSE = 13.2 Mg ha-¹. Both studies concluded that the use of 
higher resolution (spatial and temporal) images during the cropping season improved sugarcane 
yield estimations.  
Scatter diagrams help in understanding how well the models fit. Furthermore, residual 
graphs can help uncover systematic patterns in the model predictions (Fig. 4.3). Generally, the 
models demonstrated a tendency to overpredict lower values and underpredict higher values. 
The regression residuals were very large when using just one type of data, but the errors were 
reduced when multisource (WorldView-2 + UAV) information was used. 
The assumption of normally distributed errors was accepted for all models based on 
visual inspection of the fitted values versus the residuals, and confirmed by the Shapiro–Wilk 
test at the 5% level. The random distribution between the residuals and the predicted values in 





heterogeneity of the variance. However, the residual plot for the “UAV” model indicated a 
certain tendency around 100 Mg ha-¹, which was confirmed at the 5% level by the Bartlett test. 
This result shows that the assumption of homogeneity of variance was not found in this model, 
resulting in biased yield estimations. 
 
 
Figure 4.3. Left: plots of observed and predicted values. Right: residuals versus predicted 
values, together with the Shapiro–Wilk test p-value (SW test) and Bartlett test p-value (B test). 
 
The regression modelling of sugarcane yield could have been affected by factors not 
considered in the regression models, e.g., bi-directional reflectance function (BRDF) and 
shading effects. Furthermore, the greater variability in the UAV pixel values attributable to the 
higher resolution could have been another source of error. Moreover, the field data might not 
have constituted the most appropriate ground validation, because the high variability of the 
sugarcane crop makes determination of average yield difficult. In addition, uncertainty in the 
coregistration of the field and remotely sensed data could be considered another source of 






4.4.  Conclusions 
 
In this study, we established that the use of remote sensing data to acquire sugarcane 
observations, using two different platforms (UAV and satellite), is feasible for partially 
explaining sugarcane yield variability. The UAV data produced similar mean errors but with 
lower explanatory power compared with the WorldView-2 data. Moreover, the incorporation 
of multisource data (WorldView-2 + UAV) improved the overall accuracy.  
The Red band data from the UAV attained the highest regression coefficient value, 
indicating its greater significance in explaining yield variability. Furthermore, the visible region 
of the WorldView-2 data provided information that appeared to have the most significant 
explanatory role. Therefore, we can conclude that when the combined use of multispectral and 
hyperspectral sensor data is not possible, sensors based on the visible range of the spectrum can 
provide useful information for some UAV applications.   
Despite uncertainties about the effects of some factors not considered in this study, we 
can conclude that UAV technology can contribute to the enrichment of the database of 
information on sugarcane fields collected for future studies of monitoring and yield prediction. 
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 The main objective of the thesis was to explore the potential and limitations of UAV 
utilization in sugarcane monitoring. In the chapters above were presented extraction methods 
of qualitative and quantitative data from UAV images and compared them with field and 
satellite data. 
In Chapter 2 was demonstrated that the use of UAV technology can optimize the 
surveying of skips in sugarcane fields, previously unfeasible with satellite imagery and 
currently done only by field investigation. However, the time of image acquisition is important 
in the skips mapping, taking place ideally before the crop covers the inter-row gaps.  
Another UAV capability, explored in the thesis, was the creation of sugarcane height 
maps in Chapter 3. Through the crop surface models created by UAV data, it is possible to 
generate height maps of sugarcane fields capable of detecting some intra-field variability and 
allowing estimates of average field height. Nonetheless, this estimate can be influenced by the 
presence of shadows, solar elevation, weather conditions, and type of sensors used. 
 Finally, Chapter 4 shows that UAV data can provide some information about sugarcane 
variability. In terms of explanatory power for yield variability, the employment of multi-source 
data, such as UAV and WorldView-2, has improved the accuracy. 
 Thus, we can conclude that an UAV system is capable of providing useful decision-
support data to support sugarcane production, due to its capability of providing very-high 
resolution images with ideal time acquisition. Therefore, the research findings supported the 
hypothesis. 
 The approaches presented here may have future applications by sugarcane-related 
industries, researchers and farmers. The monitoring of successive ratoons to determine the rate 
of skip increase enables the estimation of the optimal period for field renewal. Also, the 
correlation of height map or sensor bands with soil, weather and crop parameters may be useful 
for biomass and sugarcane yield estimation. 
 Finally, this study reinforces that any technology, such as UAVs, or techniques that 





At the same time, the technology can be used to mediate the impacts of agriculture on the 
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Table 7.1. Data of comparison between the skip length observed in the field and that estimated 
by the procedure (Chapter 1). 
Sample Observed Estimated Difference (m) Difference (%) 
1 2.50 3.62 1.12 44.80% 
2 3.80 2.22 -1.58 -41.58% 
3 5.96 4.80 -1.16 -19.46% 
4 8.40 7.06 -1.34 -15.95% 
5 2.50 2.80 0.30 12.00% 
6 4.00 2.94 -1.06 -26.50% 
7 4.00 3.96 -0.04 -1.00% 
8 1.80 1.70 -0.10 -5.56% 
9 3.20 2.90 -0.30 -9.38% 
10 3.00 2.55 -0.45 -15.00% 
11 2.20 1.15 -1.05 -47.73% 
12 8.00 7.42 -0.58 -7.25% 
13 5.00 3.86 -1.14 -22.80% 
14 26.00 25.43 -0.57 -2.19% 
15 3.50 2.88 -0.62 -17.71% 
16 2.70 2.20 -0.50 -18.52% 
17 3.80 3.26 -0.54 -14.21% 
18 7.50 6.29 -1.21 -16.13% 
19 2.30 3.30 1.00 43.48% 
20 2.80 1.81 -0.99 -35.36% 
21 4.20 4.92 0.72 17.14% 
22 2.70 2.96 0.26 9.63% 
23 15.00 15.09 0.09 0.60% 
24 10.10 9.96 -0.14 -1.39% 
25 21.00 17.30 -3.70 -17.62% 
26 24.80 23.92 -0.88 -3.55% 
27 8.50 8.25 -0.25 -2.94% 
28 2.50 2.94 0.44 17.60% 
29 1.00 1.16 0.16 16.00% 
30 4.00 5.05 1.05 26.25% 
31 5.90 4.92 -0.98 -16.61% 
32 5.60 5.26 -0.34 -6.07% 
33 4.00 4.54 0.54 13.50% 
34 1.00 0.54 -0.46 -46.00% 
35 39.00 43.34 4.34 11.13% 
36 16.40 16.52 0.12 0.73% 
37 16.40 16.42 0.02 0.12% 
38 1.50 1.30 -0.20 -13.33% 





40 2.00 1.03 -0.97 -48.50% 
41 6.20 5.50 -0.70 -11.29% 
42 20.00 19.84 -0.16 -0.80% 
43 25.00 21.84 -3.16 -12.64% 
44 7.40 6.50 -0.90 -12.16% 
45 2.40 2.20 -0.20 -8.33% 
46 2.00 1.76 -0.24 -12.00% 
47 28.50 25.58 -2.92 -10.25% 
48 10.00 9.83 -0.17 -1.70% 
49 0.80 0.55 -0.25 -31.25% 
50 7.00 6.55 -0.45 -6.43% 
51 6.40 6.13 -0.27 -4.22% 
52 5.50 6.89 1.39 25.27% 
53 18.50 21.34 2.84 15.35% 
54 8.00 5.49 -2.51 -31.38% 
TOTAL 438.06 419.77 -18.29 -4.18% 
MEAN 8.11 7.77 -0.34 -6.28% 
























Table 7.2. Data of comparison between the averaged canopy surface heights obtained from the 
generated North/South CSM (estimated) against the ground measurements (observed) (Chapter 
3). 
North/South 
Sample Field Observed Estimated Difference (m) Difference (%) 
1 1 2.50 2.41 -0.09 -3.77% 
2 1 2.60 2.60 0.00 -0.01% 
3 1 2.70 2.90 0.20 7.35% 
4 1 2.75 2.96 0.21 7.49% 
5 1 2.80 2.25 -0.55 -19.51% 
6 1 2.99 2.30 -0.69 -22.96% 
7 2 3.05 3.25 0.20 6.60% 
8 2 3.16 3.10 -0.06 -1.85% 
9 2 3.20 3.17 -0.03 -0.93% 
10 2 3.20 3.11 -0.09 -2.90% 
11 2 3.20 2.83 -0.37 -11.70% 
12 2 3.20 2.38 -0.82 -25.75% 
13 3 3.25 3.29 0.04 1.20% 
14 3 3.25 3.83 0.58 17.88% 
15 3 3.30 3.12 -0.18 -5.40% 
16 3 3.30 3.33 0.03 0.92% 
17 3 3.30 3.45 0.15 4.45% 
18 3 3.30 3.45 0.15 4.51% 
19 3 3.35 0.90 -2.45 -73.09% 
20 3 3.36 3.56 0.20 5.84% 
21 4 3.37 4.12 0.75 22.36% 
22 4 3.40 3.43 0.03 0.94% 
23 4 3.42 3.48 0.06 1.61% 
24 4 3.50 3.53 0.03 0.75% 
25 4 3.55 3.59 0.04 1.21% 
26 4 3.55 3.90 0.35 9.81% 
27 4 3.63 3.60 -0.03 -0.85% 
28 4 3.80 3.91 0.11 2.91% 
29 4 3.86 3.82 -0.04 -0.96% 
TOTAL - 93.84 91.56 -2.28 -2.00% 
MEAN - 3.24 3.16 -0.08 -3.00% 












Table 7.3. Data of comparison between the averaged canopy surface heights obtained from the 
generated East/West CSM (estimated) against the ground measurements (observed) (Chapter 
3). 
East/West 
Sample Field Observed Estimated Difference (m) Difference (%) 
1 1 2.50 2.95 0.45 18.09% 
2 1 2.60 3.21 0.61 23.65% 
3 1 2.70 3.42 0.72 26.57% 
4 1 2.75 2.58 -0.17 -6.12% 
5 1 2.80 2.73 -0.07 -2.57% 
6 1 2.99 2.40 -0.59 -19.89% 
7 2 3.05 3.09 0.04 1.31% 
8 2 3.16 2.38 -0.78 -24.80% 
9 2 3.20 2.93 -0.27 -8.43% 
10 2 3.20 3.02 -0.18 -5.51% 
11 2 3.20 3.22 0.02 0.51% 
12 2 3.20 3.25 0.05 1.70% 
13 3 3.25 3.04 -0.21 -6.53% 
14 3 3.25 3.50 0.25 7.64% 
15 3 3.30 1.08 -2.22 -67.32% 
16 3 3.30 3.53 0.23 6.95% 
17 3 3.30 3.46 0.16 4.92% 
18 3 3.30 3.02 -0.28 -8.42% 
19 3 3.35 2.67 -0.68 -20.18% 
20 3 3.36 3.37 0.01 0.24% 
21 4 3.37 3.30 -0.07 -1.96% 
22 4 3.40 3.35 -0.05 -1.35% 
23 4 3.42 3.42 0.00 -0.06% 
24 4 3.50 3.11 -0.39 -11.25% 
25 4 3.55 3.09 -0.46 -12.86% 
26 4 3.55 3.50 -0.05 -1.29% 
27 4 3.63 2.58 -1.05 -28.97% 
28 4 3.80 3.89 0.09 2.27% 
29 4 3.86 3.44 -0.42 -10.77% 
TOTAL - 93.84 88.54 -5.30 -5.65% 
MEAN - 3.24 3.05 -0.18 -4.98% 












Table 7.4. Data of comparison between the averaged canopy surface heights obtained from the 
generated Crossed CSM (estimated) against the ground measurements (observed) (Chapter 3). 
Crossed 
Sample Field Observed Estimated Difference (m) Difference (%) 
1 1 2.50 2.57 0.07 2.67% 
2 1 2.60 3.77 1.17 44.98% 
3 1 2.70 3.02 0.32 11.85% 
4 1 2.75 2.71 -0.04 -1.55% 
5 1 2.80 2.80 0.00 -0.09% 
6 1 2.99 2.93 -0.06 -2.14% 
7 2 3.05 3.07 0.02 0.63% 
8 2 3.16 3.60 0.44 13.82% 
9 2 3.20 3.24 0.04 1.16% 
10 2 3.20 3.23 0.03 1.08% 
11 2 3.20 3.20 0.00 -0.08% 
12 2 3.20 3.21 0.01 0.40% 
13 3 3.25 4.70 1.45 44.49% 
14 3 3.25 3.29 0.04 1.21% 
15 3 3.30 2.59 -0.71 -21.61% 
16 3 3.30 3.32 0.02 0.71% 
17 3 3.30 3.29 -0.01 -0.28% 
18 3 3.30 3.46 0.16 4.86% 
19 3 3.35 3.19 -0.16 -4.91% 
20 3 3.36 3.32 -0.04 -1.31% 
21 4 3.37 3.40 0.03 0.92% 
22 4 3.40 3.34 -0.06 -1.85% 
23 4 3.42 3.39 -0.03 -0.92% 
24 4 3.50 3.57 0.07 2.00% 
25 4 3.55 3.11 -0.44 -12.47% 
26 4 3.55 3.87 0.32 8.96% 
27 4 3.63 3.52 -0.11 -3.03% 
28 4 3.80 3.83 0.03 0.84% 
29 4 3.86 3.77 -0.09 -2.40% 
TOTAL  93.84 96.27 2.43 3.00% 
MEAN  3.24 3.32 0.08 3.00% 












Table 7.5. Data used for the estimated sugarcane yield in tonnes of sugarcane stalks per hectare 
(TCH) (Chapter 4). Where D is the diameter of the stalk; NCM, the number of stalks per meter; 
H, the average height. 
NCM D (cm) H (cm) TCH 
6.50 3.60 330 145.56 
6.50 3.00 355 108.74 
6.00 2.80 275 67.73 
8.00 2.40 320 77.21 
6.00 3.20 355 114.20 
6.50 3.70 325 151.43 
10.50 2.80 336 144.83 
6.00 3.50 330 127.00 
6.00 2.80 316 77.83 
8.00 3.10 363 146.12 
6.00 3.50 320 123.15 
6.00 3.30 280 95.79 
3.00 2.20 250 19.01 
8.00 2.30 270 59.83 
7.00 2.90 325 100.18 
3.50 3.40 330 69.91 
6.50 3.10 320 104.66 
7.00 2.40 340 71.78 
7.50 3.30 320 136.85 
7.00 2.90 342 105.42 
7.00 2.70 305 81.49 
7.00 2.90 330 101.72 
8.00 2.90 335 118.01 
7.00 3.06 299 102.62 
6.00 2.40 260 47.05 
8.00 3.40 380 184.01 
9.50 2.80 386 150.53 
7.00 3.40 337 142.79 














Table 7.6. WorldView-2 spectral bands (WV2) and UAV data used in the regression models in chapter 4. 
UAV_H_Est UAV_R UAV_G UAV_B WV2_b1 WV2_b2 WV2_b3 WV2_b4 WV2_b5 WV2_b6 WV2_b7 WV2_b8 
263.95 87 109 103 -25 284 667 649 501 2360 3904 4068 
302.40 127 150 125 -56 246 594 543 464 2046 3863 3852 
278.46 159 159 149 -56 247 642 679 658 2000 3310 3481 
353.76 143 147 136 57 446 1013 1070 967 2880 3967 4456 
433.76 130 150 137 -60 241 679 628 527 2381 3853 3938 
463.43 130 144 118 -140 136 485 440 389 1586 2643 2730 
319.36 160 189 173 -65 232 524 604 499 1813 2623 3410 
379.49 142 167 149 -66 232 526 521 379 1967 3345 3599 
391.67 149 180 162 -70 229 621 518 374 2077 3685 3744 
331.68 161 179 155 -58 247 643 591 531 2298 4025 4083 
315.67 126 134 127 -95 197 455 413 340 1655 2535 3344 
319.42 126 147 124 19 397 874 806 652 2735 4361 4599 
234.38 167 191 172 10 335 769 702 570 2284 3688 3934 
344.34 163 179 163 3 324 710 729 675 2423 4084 4077 
336.25 108 123 104 -33 328 666 647 620 2228 3363 3845 
326.78 141 142 132 -64 138 352 319 271 1209 2140 2540 
306.52 150 173 153 -107 236 682 669 519 2398 3754 3571 
316.71 145 158 144 -78 276 624 652 562 2046 3207 3156 
317.83 144 162 141 16 295 688 633 529 2250 3799 4219 
331.65 143 164 138 -21 297 690 635 469 2251 3855 4033 
327.68 152 168 149 -36 279 628 613 505 2148 3428 4045 
341.91 110 139 105 -16 306 797 715 530 2488 3843 4343 
313.44 112 126 118 -27 287 724 702 631 2035 3267 3438 
243.64 119 129 126 -25 290 725 705 573 2278 3703 3993 
364.92 124 137 116 -70 230 526 601 492 1725 2431 2778 
362.68 115 121 100 -71 179 435 563 437 1736 2370 2823 





351.19 123 138 124 -72 226 571 558 432 1977 3250 3516 
356.80 159 181 160 -66 237 585 579 455 2195 3530 3850 
 
